These data provide more direct and comprehensive information about enhancer-target interactions. When we trained the models by using K562 data and tested them on MCF-7 cells, JEME consistently performed better than the simplified version of JEME with only distance features at all values of the maximum tree depth parameter that we considered (Fig. 1c) , including the values used by Cao and Fullwood. The AUPR improvement at these tree depths ranged from 0.021 to 0.065, which overlapped with the values that we reported in the original paper (0.040-0.050 for the three acrosssample cases in Fig. 3c in ref. 2 ). These results show that JEME actually performs reasonably well with different settings. We do agree with Cao and Fullwood that existing methods for enhancer-target predictions still perform sub-optimally in across-sample tests and should be improved by incorporating additional data types and other novel ideas.
eQTLs as validation data mainly because of a lack of direct chromatin-interaction data at the time of our study. We therefore checked MCF-7 cells, from which chromatin interaction analysis with pairedend tags (ChIA-PET) data targeting RNA polymerase II were available for validating the predictions. These data provide more direct and comprehensive information about enhancer-target interactions. When we trained the models by using K562 data and tested them on MCF-7 cells, JEME consistently performed better than the simplified version of JEME with only distance features at all values of the maximum tree depth parameter that we considered (Fig. 1c) , including the values used by Cao and Fullwood. The AUPR improvement at these tree depths ranged from 0.021 to 0.065, which overlapped with the values that we reported in the original paper (0.040-0.050 for the three acrosssample cases in Fig. 3c in ref.
2 ). These results show that JEME actually performs reasonably well with different settings. We do agree with Cao and Fullwood that existing methods for enhancer-target predictions still perform sub-optimally in across-sample tests and should be improved by incorporating additional data types and other novel ideas.
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Further information on research design is available in the Nature Research Reporting Summary linked to this article.
Data availability
The data that support the findings of this study are available at http://yiplab.cse.cuhk. edu.hk/jeme/. Reconciling S-LDSC and LDAK functional enrichment estimates
To the Editor -Recent work has highlighted the importance of accounting for linkage disequilibrium (LD)-dependent genetic architectures in analyses of heritability [1] [2] [3] [4] [5] . Two models incorporating LD-dependent architectures have been proposed for analyses of functional enrichment: the baseline-LD model 4 used by stratified LD-score regression 4, 6 (S-LDSC) and the LDAK model 1, 3 . Although both models include LD-dependent effects, they produce very different estimates of functional enrichment (for example, 9.35x ± 0.80 in ref. 4 and 1.34x ± 0.26 in ref.
3 for conserved regions), thus leading to different interpretations of the functional architecture of complex traits. To reconcile these findings, we performed a comprehensive set of formal model comparisons and empirical analyses. Each of these analyses supports the higher functional enrichment estimates of S-LDSC with the baseline-LD model; each paragraph below is detailed in a corresponding section of the Supplementary Note (and detailed analyses can be found in Supplementary Tables 1-10 and Supplementary Figs. 1-23 ).
We defined six heritability models, including the infinitesimal model that ref. 3 called the 'GCTA model' 7 ; the baseline-LD model 4 , combining functional annotations 6 with LD-dependent and minor allele frequency (MAF)-dependent architectures; and the LDAK model We performed formal model comparisons by using the likelihood approach of ref. 3 , analyzing 16 UK Biobank traits (n = 20,000 unrelated British-ancestry samples). First, we analyzed genotypes imputed with 1000 Genomes (1000G), as in ref. 3 ( Fig. 1a) . We confirmed that the LDAK model attained higher likelihoods than the GCTA model and α-model, in agreement with ref. 3 , but we observed that this model attained lower likelihoods than the Gazal-LD, baseline-LD and baseline-LD + LDAK models. Second, we analyzed genotypes imputed with the Haplotype Reference Consortium (HRC), a more comprehensive SNP set that produced higher likelihoods for each model analyzed (Fig. 1b) . The LDAK model attained slightly lower likelihoods than the GCTA model and α-model, and much lower likelihoods than the Gazal-LD, baseline-LD and baseline-LD + LDAK models; the baseline-LD and baseline-LD + LDAK models attained similar likelihoods. We obtained similar conclusions by using out-of-sample polygenic prediction, as proposed in ref. 5 . We defined three methods for estimating functional enrichment: the S-LDSC method 4 , which uses the baseline-LD model 4 ; the LDAK method We compared the three methods by using extensive simulations. The S-LDSC method was unbiased in simulations under the baseline-LD model, and it produced unstable estimates under the LDAK model (unlike the results for real data). The LDAK method was downward biased under the LDAK model (because it restricts analyses to well-imputed SNPs) and was even more downward biased under the baseline-LD model. The S-LDSC + LDAK method produced robust enrichment estimates under both models (and the baseline-LD + LDAK model), thus validating it as a gold-standard method.
We compared the gold-standard S-LDSC + LDAK method to the S-LDSC and LDAK methods across 16 UK Biobank traits, analyzing 28 functional annotations. S-LDSC and S-LDSC + LDAK produced nearly identical estimates of enrichment ( Fig. 2a; 8 .11x ± 0.54 and 7.48x ± 0.49 for conserved regions); thus, adding LDAK model annotations did not significantly change S-LDSC enrichment estimates. In contrast, LDAK enrichment estimates were systematically lower than S-LDSC + LDAK enrichment estimates (Fig. 2b) but were higher than the LDAK enrichment estimates in ref. 3 . The LDAK model assigns zero weights to most SNPs (≥85%, to 'thin' SNPs in high LD), hard-coding zero heritability for these SNPs; this aspect may substantially affect functional enrichment, in which an outof-annotation SNP in perfect LD with a zero-weight in-annotation SNP cannot act as a proxy. We investigated the effect of the proportion of SNPs with zero weights on LDAK enrichment estimates. We ran the LDAK software by using a non-default flag that models SNPs in perfect LD differently by assigning non-zero weights to all SNPs (LDAK-nonzeroweights). With this flag, LDAK enrichment estimates increased considerably (Fig. 2b) , thus suggesting that assigning zero heritability to most SNPs may lead to downward bias in LDAK functional enrichment estimates.
Recently, the authors of LDAK introduced the SumHer method, which extends the LDAK model to estimate functional enrichment from summary statistics 5 ; this method also produces low functional enrichment estimates 5 (for example, 1.95x ± 0.07 for conserved regions). We investigated the effect of the proportion of SNPs with zero weights on SumHer enrichment estimates. We ran the SumHer method (LDAK software) by using the same non-default flag as above (SumHer-nonzeroweights). Again, SumHer enrichment estimates increased considerably (Fig. 2c) , thus suggesting that assigning zero heritability to most SNPs may lead to downward bias in SumHer functional enrichment estimates. We also determined that a model similar to the SumHer model (but more amenable to our likelihood analyses) attained lower likelihoods than the baseline-LD model in formal model comparisons. In summary, the baseline-LD model attained higher likelihoods than the LDAK model; the S-LDSC method produced functional enrichment estimates nearly identical to those produced by the goldstandard S-LDSC + LDAK method (which was unbiased in simulations under both baseline-LD and LDAK models) in empirical analyses of 16 UK Biobank traits; and the lower enrichment estimates for LDAK (and SumHer) could potentially be explained by the assignment of zero weights to most SNPs. S-LDSC enrichment estimates are further corroborated by published results on the functional enrichment of low-frequency variants 8 (which are less affected by LD) and functional enrichment of fine-mapped SNPs (Fig. 2 of ref. 9 and Fig. 3 of ref.
10
). We recommend using the S-LDSC method rather than the S-LDSC + LDAK method in most settings, owing to the complexities of computing LDAK model weights and running S-LDSC + LDAK. We note that our original LD-score regression (LDSC) method used the GCTA model to assess confounding in GWAS data, estimate genetic correlations between traits and estimate the heritability causally explained by all common SNPs. We anticipate that S-LDSC with the baseline-LD model 4 will improve with the results of LDSC with the GCTA model for these applications, in agreement with recent observations 5 . Accurate estimation of components of heritability relies on accurate modeling of genetic architectures, and we anticipate that new models and corresponding methods will continue to improve current knowledge. However, our results strongly support S-LDSC with the baseline-LD model as the current state of the art for functional enrichment analyses. Additional points are discussed in the Supplementary Note.
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Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
n/a Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
The statistical test(s) used AND whether they are one-or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.
A description of all covariates tested A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)
For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Software and code
Policy information about availability of computer code
Data collection
We did not collect data for this study. We analyzed raw genotype-phenotype data from UKBB (application 16549). Summary statistics analyzed are available at https://data.broadinstitute.org/alkesgroup/UKBB.
Data analysis
Our ldsc software is available at http://www.github.com/bulik/ldsc. Our baseline-LD model version 1.1 is available at https://data.broadinstitute.org/alkesgroup/ LDSCORE/1000G_Phase3_baselineLD_v1.1_ldscores.tgz. LDAK version 5 is available at http://dougspeed.com/downloads/. BOLT-LMM version 2.3 is available at https://data.broadinstitute.org/alkesgroup/BOLT-LMM/.
For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors/reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.
Data
Policy information about availability of data All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:
-Accession codes, unique identifiers, or web links for publicly available datasets -A list of figures that have associated raw data -A description of any restrictions on data availability
The Data Availability statement of the paper contains the link of all the publicly available summary statistics that we analyzed.
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